ABSTRACT The popular intensity-hue-saturation (IHS) pan-sharpening method can provide high spatial quality while suffering from some spectral distortion, mainly due to the fact that it cannot estimate an accurate intensity image to substitute the original intensity image in the IHS space. To overcome this drawback, in this paper, we particularly use the modeling idea of variational complementary data fusion, and propose a novel yet highly effective pan-sharpening method with variational Hessian transferring in the generalized IHS (GIHS) transform domain, which aims to estimate a more accurate intensity image. More specifically, the novelty of proposed method consists in building a variational Hessian transferring model in the GIHS transform domain to transfer the Hessian-based spatial geometric information of panchromatic (Pan) image to the new intensity image and meanwhile take the spectral information preserving into consideration. Finally, the experimental results demonstrate the effectiveness of the proposed method which can perform higher spectral and spatial qualities, and higher efficiency than some state-of-the-art methods.
I. INTRODUCTION
Recently, the multispectral (MS) images with both high spectral and spatial qualities play an important role in the field of remote sensing with the increasingly demand for applications. However, many earth observation satellites with two sensors loaded, such as IKONOS, Pleiades, QuickBird, GeoEye, cannot directly acquire the high resolution (HR) MS images. Specifically, they can capture a pair of images with different resolutions, i.e., an HR panchromatic (Pan) image with a single band and a low resolution (LR) MS image with four bands (i.e., the red, green, blue, and near-infraded bands), and neither of them can provide a complete description of the earth scene so as to result in limited applications. To meet the increasingly demand for applications, the fusion of an LR MS image and an HR Pan image (i.e., pansharpening) is developed to obtain a fused HR MS image, which has become an important and challenging issue in the field of remote sensing.
As we know, the key of pan-sharpening consists in how to effectively integrating the complementary information from the LR MS image and the Pan image, i.e., the spatial geometric information of the Pan image as well as the spectral information of the LR MS image.
During recent decades, many different kinds of methods have been proposed for pan-sharpening [1] - [3] , which are roughly classified as: (1) Component substitution (CS) methods, such as principal component analysis (PCA) [4] , [5] , intensity-hue-saturation (IHS) [6] - [9] , band-dependent spatial-detail (BDSD) [10] , Gram Schmidt (GS) spectral sharpening [11] , GS adaptive (GSA) [12] , partial replacement adaptive component substitution (PRACS) [13] , and pan-sharpening with matting model [14] , which can produce higher spatial quality but easily cause some spectral distortion. (2) Multiresolution analysis (MRA) methods, such as wavelet [15] , [16] , additive wavelet luminance proportional (AWLP) [17] , additive a trous wavelet transform (ATWT) [18] , generalized Laplacian pyramid (GLP) [19] , and GLP with context based decision (GLP-CBD) [19] , [20] , which can eliminate the spectral distortion while suffering from some spatial degradation artifacts. (3) Variational methods, such as P+XS [21] , variational wavelet pan-sharpening (VWP) [22] , alternate VWP (AVWP) [22] , total variation (TV)-based methods [23] - [25] , sparsity-based methods [26] , [27] , the geometry enforcing variational method [28] , the fractionalorder TV and low-rank based method [29] . Specifically, they can perform promising pan-sharpening results, and particularly exhibit much higher computational complexity than the CS and MRA methods. More details and analysis on these methods can be found in [2] and [3] .
To the best of our knowledge, the CS methods can be equivalently formulated in a general framework, which use a unified injection scheme to substitute their original explicit computation scheme with the forward and inverse transforms [2] . Nevertheless, in this paper, we particularly use the original idea of the CS methods with their explicit forward and inverse transformation framework, rather than their general injection framework. As one of the CS methods, the IHS method is famous for its simplicity and computational efficiency, where its original main idea is firstly to transform the upsampled LR MS image to the IHS space, then substitute the intensity image in the IHS space with the histogram matched Pan image as the new intensity image, and finally obtain the HR MS image by applying the inverse IHS transform. Consequently, it performs promising results with high spatial resolution, and it also causes some spectral distortion mainly due to the fact that the histogram matched Pan image cannot accurately preserve the spectral information of the LR MS image. Thus, the main difficulty of the IHS-based method is how to estimate a more accurate intensity image.
Motivated by the modeling idea of variational complementary pan-sharpening, we will propose to estimate a new yet accurate intensity image for the IHS-based method in a unified variational framework. Specifically, many TV-based variational pan-sharpening methods [21] - [25] exploit the gradient-based spatial priors for spatial geometry transferring. However, the TV-based methods often cause some staircase effects due to the fact that the TV model favors piecewise constant solutions. Moreover, the TV-based methods particularly lead to much higher computational complexity and cost than the IHS-based method.
To reduce the staircase effect and the high computational complexity for the TV-based variational methods, and at the same time estimate a more accurate intensity image for the IHS-based method, in this paper, we hence propose a new pan-sharpening method with variational Hessian transferring in the generalized IHS (GIHS) transform domain. Specifically, we first use the GIHS transform to transform the upsampled LR MS image (i.e., the expanded MS image) into the GIHS space. Then, we present a new variational Hessian transferring model to estimate a new intensity image I new in the GIHS space. Finally, we obtain the HR MS image by applying the inverse GIHS transform. Fig. 1 shows the flowchart of the proposed pan-sharpening method. Specifically, different from our previous work [28] , [29] which both belong to the variational methods, where the geometry enforcing variational pan-sharpening method [28] exploits the spatial geometry enforcing prior model and the wavelet-based spectral information preserving prior model, and the fractional-order TV and low-rank based method [29] exploits the spatial fractional-order geometry prior model and the spectral-spatial low-rank prior model, the proposed method with variational Hessian transferring in the GIHS space particularly uses the modeling idea of variational fusion in the GIHS space, which does not strictly belong to the variational methods but can been seen a novel yet effective combination of the CS methods and variational methods.
This paper is organized as follows. We propose the GIHS-based variational Hessian transferred pan-sharpening method in Section II. Then, we show and analyze the experimental results in Section III. Finally, we give the conclusion in Section IV.
II. PROPOSED GIHS-BASED PAN-SHARPENING WITH VARIATIONAL HESSIAN TRANSFERRING
To simplify our analysis in this paper, we give some notations as follows.
Let P ∈ n×n denote the HR Pan image, and Moreover, P i,j is the element of P in i th row and j th column.
· F denotes the Frobenius norm, which is formulated as
A. REVIEW AND ANALYSIS OF THE IHS PAN-SHARPENING METHOD
Now, we review the most original idea of the IHS pan-sharpening method, which is clearly shown in Fig. 2 . We first upsample the LR MS image m and transform its upsampled version M into the IHS space, i.e.,
whereT is the forward IHS transformation matrix. Moreover, we can obtain the hue component H and the sat-
and S = ṽ . Then, we substitute the intensity componentĨ 0 with the histogram matched Pan image P hist as the new intensity image, i.e.,
where ''µ" denotes the mean operation and ''σ " denotes the standard deviation operation. Finally, we apply the inverse IHS transformT −1 to get the pan-sharpened MS image u as
In the following, we will further give some analysis of the IHS method. As we clearly know, the IHS method uses P hist as the new intensity image to substitute the original intensity imageĨ 0 in the IHS space. As a result, it preserves high spatial quality but suffers from some spectral distortion, due to the fact that the spectral response of the Pan image cannot entirely cover all the MS bands so that the new intensity image P hist is not very accurate. Thus, we need to estimate a much more accurate intensity image I new to substitute the original intensity imageĨ 0 in the IHS method, which can perform both high spatial and spectral qualities.
B. GIHS-BASED PAN-SHARPENING WITH VARIATIONAL HESSIAN TRANSFERRING
To overcome the above drawbacks in the IHS method, we aim to estimate a much more accurate intensity image I new . More specifically, we use the modeling idea of variational complementary data fusion, and propose a novel pan-sharpening method with variational Hessian transferring in the GIHS space, which can been seen a novel combination of the CS methods and varitional methods.
Next, we will describe in detail the proposed pansharpening method.
Firstly, we interpolate the LR MS image m by the polynomial kernel with 23 coefficients [2] , [20] , and obtain the upsampled LR MS image (i.e., the expanded MS image) M.
Then, we use the GIHS transform [8] , [30] to transform M into the GIHS space as follows:
where T is the forward GIHS transformation matrix. More specifically, the TV-based variational methods [21] - [25] use the gradient consistency priors to transfer the gradient-based spatial geometric information of the Pan image to the pan-sharpened MS image so as to well preserve image edges. Nevertheless, they usually produce some staircase effects, due to the fact that the TV model favors piecewise solutions and the gradient-based feature cannot well characterize such features as corners and higher order edges for pan-sharpening.
To overcome these drawbacks of the IHS and TV-based methods while taking their merits into full consideration, we will propose a novel GIHS-based Hessian transferring method in a unified variational framework for pan-sharpening. Instead of directly replacing the original intensity image I 0 with the histogram matched Pan image P hist in the IHS space, we will propose a variational Hessian transferring model to estimate a new and more accurate intensity image I new , where its main idea aims at preserving the spectral information of I 0 related to the expanded MS image which has high spectral quality and at the same time transferring the Hessian-based spatial geometric information of the Pan image to the pan-sharpened MS image. To model our idea in a variational framework, we hence propose to estimate the new intensity image I new by the following model:
where ∇ 2 denotes the discrete Hessian operator [31] - [33] , which is defined as ∇ 2 P = P xx P xy P xy P yy , P xx , P xy and P yy denote the second order derivatives,
, and α is the regularization parameter.
More specifically, for the proposed model, we aim to obtain the new intensity image I new , which can keep the low-frequency component of I 0 related to the expanded MS image with high spectral quality, and meanwhile fuse the Hessian feature based high-frequency component of Pan image P.
Thus, we clearly explain the proposed model as follows:
(1) the first term (2) the second term ∇ 2 I − ∇ 2 P F,1 , also called the spatial Hessian transferring term, particularly imposes the Hessian consistence constraint between I new and P, which aims to transfer the Hessian-based spatial geometric information of P to the new intensity image I new so as to fuse the spatial Hessian feature based high-frequency information from P.
Since the Hessian operator ∇ 2 is a linear operator, then we denote J = I − P and can convert the proposed model (5) to the equivalent model:
Thus, the model (6) is the famous Hessian Frobenius norm regularization model. In this paper, we use the primal-dual algorithm [31] to solve it efficiently.
After obtaining the J new , we can easily obtain the new intensity image I new as
Finally, we apply the inverse GIHS transform to obtain the pan-sharpened MS image u as
where T −1 is the inverse GIHS transformation matrix.
C. THE OVERALL DESCRIPTION OF PROPOSED METHOD
As describe above, we hence provide a complete description of the proposed GIHS-based pan-sharpening method with Variational Hessian Transferring (GIHS-VHT).
Step 1: Upsample the LR MS image m to M;
Step 2: Apply the forward GIHS transform to M and obtain the original intensity image I 0 by (4);
Step 3: Compute the new intensity image I new with the variational Hessian transferring model by (5)- (7);
Step 4: Compute the pan-sharpened image u by (8) .
III. EXPERIMENTAL RESULTS AND ANALYSIS

A. EXPERIMENTAL SETTING
In this section, we will show many experimental results to illustrate the peformance of the proposed GIHS-VHT method. Specifically, according to the Wald's protocol [34] , we conduct the pan-sharpening experiments on the GeoEye-1, Pleiades and QuickBird satellite datasets, where the spatial resolutions of their MS and Pan images are 2-m/0.5-m, 2-m/0.5-m, and 2.8-m/0.7-m, respectively. The proposed GIHS-VHT method is compared with some advanced methods, such as, GIHS [8] , adaptive IHS (AIHS) [9] , BDSD [10] , GS [11] , GSA [12] , AWLP [17] , GLP-CBD [19] , [20] , P+XS [21] and AVWP [22] .
To quantitatively assess the pan-sharpening quality, we use such quality metrics as spectral angle mapper (SAM), correlation coefficient (CC), root mean squared error (RMSE), relative dimensionless global error in synthesis (ERGAS), Q4 [35] , and filtered CC (FCC) [15] .
B. VISUAL AND QUANTITATIVE COMPARISON
Now, we present the pan-sharpening experiments on the data cropped from the GeoEye-1, Pleiades and QuickBird satellite datasets. Specifically, the red, green, and blue bands of the MS images are shown for better visual comparison in our experiments. Fig. 3 shows the example on the GeoEye-1 dataset. As we can clearly see from Fig. 3 , the spatial resolution of the LR MS image can be improved by all the compared methods. The GIHS and AIHS methods can preserve the sharp image structures, but they produce some spectral distortion particularly in the ground regions. The BDSD method produces more spectral distortions in the grass, building and ground regions. The GS and GSA methods also produce some spectral distortions in the ground and building regions. The AWLP method produces some aliasing artifacts. The GLP-CBD method eliminates some spectral distortions but causes some blocky artifacts. The P+XS method causes some blurry artifacts. The AVWP method causes some blocky artifacts in the building regions. The GIHS-VHT method can better eliminate the spectral distortion and produce much sharper boundaries and structures, which are more natural for Human visual perception.
Figs. 5, 7 and 9 show the examples on the Pleiades, QuickBird and Pleiades datasets, respectively. More specifically, we provide the zoomed details for better spatial comparison. All the methods perform the similar results with the GeoEye-1 case shown in Fig. 3 . Without loss of generality, we give the result analysis on the QuickBird data shown in Fig. 7 . Specifically, the GIHS, AIHS, BDSD, GS and GSA methods all cause some spectral distortions in different degrees, such as the obvious color changing in the red building regions in Figs. 7(d)-(h) . The AWLP and GLP-CBD methods can reduce some spectral distortion and also produce some blocky artifacts. The P+XS method causes some blurry artifacts. The AVWP method causes some blocky artifacts particularly in the region of building. The proposed GIHS-VHT method better eliminates the spectral VOLUME 6, 2018 errors (i.e., the least spectral and spatial distortions). Thus, we conclude that the proposed GIHS-VHT method can perform the best pan-sharpening quality.
We also provide their correspondingly quantitative results in Tables 1-4 , respectively. As listed in Tables 1-4 , our proposed GIHS-VHT method always gives the best SAM, CC, ERGAS, RMSE, Q4 and FCC results, which shows that our proposed GIHS-VHT method performs the best spatial and spectral qualities for pan-sharpening. Therefore, the experimental results can clearly illustrate the performance of the proposed GIHS-VHT method.
C. COMPUTATIONAL EFFICIENCY COMPARISON
Furthermore, we illustrate the performance from the viewpoint of the computational efficiency. To this end, Table 5 As is well known to us, the IHS-based methods and the MRA methods are famous for their simple computation and high computational efficiency, while the variational methods are very time-consuming so as to show low computational efficiency. As shown in Table 5 , we can know that the GIHS, AIHS, BDSD, GS, GSA, AWLP and GLP-CBD methods are very efficient in the aspect of time cost, where the GIHS method consistently takes the least time cost. The P+XS method and the AVWP method almost always take the most running time and largest computational cost. By contrast, although the proposed GIHS-VHT method does not take the least running time, its results are very competitive, which are particularly much less than the P+XS method and the AVWP method so as to show much higher computational efficiency. Thus, the proposed GIHS-VHT method can also perform very high computational efficiency. 
IV. CONCLUSION
The paper proposed a new yet efficient pan-sharpening method with variational Hessian transferring in the GIHS transform domain, which particularly aimed at estimating a more accurate intensity image for the IHS-based method so as to eliminate its spectral distortion, and meanwhile reducing the high computational complexity for the TV-based variational methods so as to improve its low computational efficiency. Specifically, extensively experimental results demonstrated that our proposed method can better preserve the spectral information, eliminate some undesired blurry and blocky artifacts, and perform higher computational efficiency than the TV-based variational methods. In a word, our proposed method presented a new yet effective pan-sharpening way. Nevertheless, we will further investigate much more effective image geometry transferring models for pan-sharpening.
